Abstract
Introduction
Recent years have witnessed the increasing development of social media services, which have dramatically changed people's daily lives. For example, in Twitter, user can follow, receive updates, and initiate interactions with others. However, even a user is not a follower, he/she can still trigger interactions through mention mechanism [1] . For ease of description, throughout this paper, the whole set including followers and other participants who have interactions with the target user is called audiences of target. In this study, we focus on the classification problem of Twitter audiences for target.
Twitter audiences classification can be significant for Twitter based marketing. For example, by considering not only the fans but also the participants, enterprises can attract potential non-followers and try to convert them into customers. In this case, Twitter audiences classification is equivalent to potential customer classification [2] . Another example is to quantify the proper population of Twitter users to be involved if some marketing activities are launched. Technically, we employ community discovering [3] to cope with Twitter audiences classification.
However, there are several issues along this line. First, in complex networks, the significance of nodes is different, and therefore the influence range of nodes is various as well. For example, some important nodes may have greater radiation intensity upon the surrounding neighborhood nodes. Moreover, in typical social network models, only direct connections are considered. However, uses might be affected by some significant nodes, even though there is no connections between them. To this end, we propose to apply the idea of field theory [4] to model the social network. Instead of only considering direct connections, we also measure the strength of nodes within the range of radiation by calculating the potential value of nodes. B . To capture the overlapping communities, we propose to leverage rough clustering algorithms [5] based on field theory.
The remainder of this paper is organized as follows. In Section 2 we provide some related work. Section 3 presents some preliminaries on data field theory and the overview of proposed method. Section 4 describes the details of four steps for overlapping community detection based on field theory. Then experiments on a real world Twitter dataset are conducted in Section 5. Finally, the paper is concluded in Section 6.
Related Work
As the development of microblogs, more and more researchers have noticed the massive potentials and value, and have studied on microblogs from different perspectives. For example, Bernard et al. [6] analyzed the ratings of microblog users upon products, and studied the effect of word-of-mouth. Chien-Lung Hsu et al [7] investigated the relationship marketing through microblogs based on Commitment-Trust theory. Garcia et al. [8] designed a strategy to improve user search by recommending tags to users. Zhao et al. [9] studied on why people are using microblogs, and the probability of microblogs to be information exchange medium. Brasoveanu et al. [10] discussed how people try to shape and use their avatars in social networks.
Community detection has been a significant social network analysis technique. Basically, there are partition-based methods, modularity optimization based methods, dynamic modeling methods, and spectral analysis based methods [11] . For example, Ning et al. [12] proposed an incremental spectral clustering algorithm for discovering communities, to dynamically deal with the complex structure of social networks. Liu et al. [13] proposed PCM clustering algorithm for blog community detection, by distinguishing between edge nodes and core nodes. Chen et al. [14] proposed a heuristic algorithm to discover overlapping communities.
There also some existing efforts on overlapping communities detection. One category is core based method. For example, Fang et al. [15] proposed a core based method, which first finds the seed set using spectral clustering, and then applies random walk technique for extension. Zhang et al. [16] proposed another core based method with a novel modularity evaluation function and rough C-means algorithm. The second category is node splitting method. For example, CONGA (Cluster-Overlap Newman Girvan Algorithm) [17] extends GN (Girvan Newman) algorithm [18] for overlapping community detection. Peacock [19] discovered overlapping communities by first transforming the network to a new one by splitting vertices based on split betweenness, and then applying a disjoint community detection algorithm. The last category is optimization based method. For example, Andrea et al. [20] proposed a LFM algorithm by optimizing a local fitness function. Huang et al. [21] proposed a rough spectral clustering (RSC) algorithm by integrating spectral theory and rough set theory, to optimize the modularity function of overlapping communities. Ball et al. [22] employed a statistics method for optimization using Expectation-Maximization (EM) algorithm. Non-negative matrix factorization (NMF) method is also used to discover overlapping communities [23, 24] .
Preliminary and Overview

Field Theory Basics
The concept of field was first proposed by Michael Faraday [28] , which is used to describe the interactions between the particles of substances. Classical field theory refers to a physical theory which describes how one or more physical fields interact with matter, where a physical field is the assignment of a physical quantity with a value for each point in space and time [4] . Typically, there exists a function defined in certain space which satisfies that for each point in the space, the field strength is proportional to some metric of the reference point (such as the amount of charge and particle mass) and inversely proportional to the distance between that point and the reference point.
Similarly, abstracting the field theory as data field to describe the distribution of some variable or function in the space [29] , can help to overcome the restrictions of traditional data mining algorithms which only consider the one-to-one mapping between objects. Instead, data field based method regards objects as individuals with interactions and therefore the status of a data point is the result of the joint action of all other objects.
The influence strength between objects is described via potential function, which is also used to reflect the data distribution by combining the potential function of all objects and determine which cluster specific object belongs to. The clustering rule based on field theory is: the potentials within clusters should be approximately the same, and potentials across different clusters should be apparently different. , there exist a function f such that data field  is generated in  :
The potential strength of i
where  is an impact factor which is used to control the influence between objects, and
is the distance between objects.
Suppose the radiation range around
defined as the summation of Equation (2):
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Method Overview
Figure 1. Overview of Proposed Method
In this paper, we are motivated by the problem of Twitter audiences classification for specific target user, and propose a clustering method based on field theory as the solution. The overall process of our proposed method for detecting overlapping link communities in Twitter is shown in Figure 1 . First, we construct a network for Twitter audiences by removing the ego node from ego network, which will be discussed in Section 4.1. Second, as discussed in Section 4.2, we model the distance between nodes with consideration of follow, unfollow and mention behaviors, and then apply the field theory by computing the potential for all nodes. Third, we find the primary partitions the in a binary partitioning way based on Kirchhoff laws [30] , as presented in Section 4.3. Last, we further revise the previous results by modifying rough clustering algorithm with field theory, to discover
Proposed Method
Constructing Twitter De-ego Network
Generally, in Twitter, there exist two types of links between Twitter users: (1) follow; (2) reply, retweet, direct message or mention via @ symbol, which are collectively referred to as mention. We use ego networks to describe all Twitter audiences and their links.
Definition 1 (Ego network
are following or mentioning ego, and nodes
are followed or mentioned by ego. Besides, there also exist connections between alter nodes, which means interactions between Twitter audiences are included as well. 
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Copyright ⓒ 2015 SERSC network G represents all Twitter audiences for specific target. Therefore, the subsequent steps are performed on G . 
Modeling with Field Theory
We employ field theory to model network Equation (5) shows that we consider three different behaviors in Twitter: follow, unfollow and mention. Follow enables someone to be a fan, while unfollow is the reverse operation. However, unfollowed user can follow again in future if interested. Therefore we simply use +1 and -1 to capture them. Mention behavior includes all kinds of interactions unified via @ symbol, such as replies, retweets, and direct messages. 
Whenever an interaction happens between
Finding Primary Partitions using Binary Partitioning
Now we try to find the primary partitions as the initial stage of discovering overlapping communities, which would be discussed in the next section. The basic idea is to first select any random two nodes as poles, and divide G into two parts iteratively.
Before performing binary partitioning, we define major nodes as follows. Solve Equation (6), we can get potentials for all nodes. Since the potential decreases rapidly in the junction of two clusters, we use the maximum potential interval in the middle position as the dividing of two clusters:
Definition 3 (Major node
where  is the area selection coefficient, denoting the range of selecting two nodes. Therefore, G is divided into two parts by 
C C C
. We propose to compute centroids of clusters based on field theory. The basic idea is: for each node in each cluster, calculate the potential within the cluster; and then set the position with average potential as the centroid of that cluster. Indeed, the potential of each node within its belonging cluster represents the strength of that position within the cluster, and the average position is the centroid. Next, we employ a rough clustering based method for re-clustering, in order to merge duplicate clusters and discover overlapping clusters. The basic idea is to assign objects to the upper and lower approximation of clusters, and then re-calculate the centroids of clusters, and repeat until the algorithm converges.
The clustering rules with rough theories are as follows:
(1) Each object at most belongs to one lower approximation of cluster; (2) If an object belongs to a lower approximation of cluster, it also belongs to its upper approximation as well; (3) If an object doesn't belong to any lower approximation, it must belong to at least two upper approximations.
Obviously, we can see that leveraging rough clustering can help revise the primary partitions and discover overlapping clusters. Denote 
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Copyright ⓒ 2015 SERSC intersection of any two uncertain areas, update the assignments. Then, update the centroids as Equation (10), as shown in Line 23. The termination condition of the algorithm is that the discovered clusters remain stable.
Figure 5. Algorithm Description of Overlapping Communities Discovering
Experiment
In this section, we demonstrate the experiments conducted on a real world Twitter dataset to validate the effectiveness and efficiency of our approach.
Our dataset was collected from Twitter between 28th June and 6th August 2013 using Twitter API [31] . The dataset includes: (1) user profiles, obtained by /users/show; (2) followers list of each user, obtained by /followers/ids; and (3) mentions of specific account, obtained by /statuses/mentions_timeline. Besides, we encrypt all IDs to protect user privacy. We construct de-ego network for each node, and perform proposed overlapping community detection algorithm on all nodes. The average performance of all nodes are regarded as the results.
We employ modularity [3] for measuring the performance of community detection.
e is the edge from the node in community i and the node in community j , and ii e is the edge is the edge within community i . Therefore modularity Q is defined as:
where  j ij e is all edges connected to nodes in community i . As indicated in [18] , the structure of communities is relatively distinct when
We compare our method with Newman algorithm [18] in Figure 6 . We can observe that Newman algorithm is basically unaffected by network size, while our proposed method is different. Specifically, when the number of nodes is relatively small, our method is slightly worse than Newman. However, when the size of network growing, it exhibits obvious improvement. Therefore, we can conclude that our method is more suitable for large scale social networks.
Figure 6. Modularity Comparison with Different Numbers of Nodes
Besides, we also list some of the results in Table 1 . We can see that our method is more stable when the size of network increases. For example, the discovered number of communities varies greatly for Newman algorithm, while the number is around 200 for our method. As for time cost, Newman performs better than our method when the network size is small. The reason might be that our method is a multi-step framework, and extra Copyright ⓒ 2015 SERSC cost would be spent on details between steps. However, when there are more nodes in network, our method requires less time cost. 
Table1. Results of Community Detection of Newman and our Method
Conclusion
In this paper, we propose to solve the Twitter audience classification problem using community detection, and design an overlapping community detection algorithm by introducing data field theory. Specifically, after constructing de-ego network for each target, primary clusters are found based on nodes potential. Then, based on rough theory, previous results are revised to detect overlapping clusters.
However, there exist some limitations in this study. First, only structural data is used in this work. That is, we use follow, unfollow or mention connections between users, without consideration of context information such as the content of Tweets. Therefore, in this work, we aim to discover link based communities. In future, we will try to integrate context information as well.
Second, in experiments we observe that the modularity is less than 0.3 for both methods, which might be the results of our randomly collected dataset. To further explore the community structure for enterprise accounts to facilitate consumer classification, we would like to monitor specific Twitter data and provide case studies for typical brands in future.
